INTRODUCTION
============

Anthropogenic emissions of carbon dioxide from fossil fuels and land use change have warmed Earth by approximately 1°C since the late 19th century ([@R1]), with virtual certainty of continued warming during the 21st century ([@R2]). Warming leads to an accelerated hydrologic cycle due to the exponential relationship between temperature and saturation vapor pressure ([@R3]) and to changes in moisture delivery systems such as El Niño ([@R4]), jet streams ([@R5]), and storm tracks ([@R6]). While changes in mean precipitation are uncertain and vary by region ([@R2]), changes in temperature will likely result in higher vapor pressure deficit (VPD) and higher precipitation variability ([@R2], [@R3]). Globally, changes in the variability of precipitation are likely to be larger than changes in mean precipitation and nearly ubiquitous across all regions ([@R3]).

How vegetated ecosystems respond to these hydroclimatic changes remains unknown, with important implications for ecosystem services, hydrological feedbacks via changes in evapotranspiration, and biophysical and biogeochemical feedbacks to the climate system. Evidence suggests that higher VPD, which can initiate stomatal closure and increase hydraulic stress, generally leads to lower assimilation and plant growth ([@R7], [@R8]), and has been implicated in widespread forest die-off across the globe ([@R7], [@R9]--[@R11]). However, increases in VPD will co-occur with likely increases in the variability of precipitation, with uncertain consequences for ecosystem carbon uptake. If plant growth and primary production respond asymmetrically or nonlinearly to precipitation, then an increase in precipitation variability can lead to long-term growth trends even with negligible changes in mean precipitation ([@R12]). If dry extremes reduce growth more than wet extremes increase growth, then an increase in precipitation variability will result in reduced growth during dry years that is not offset by increased growth during wet years, leading to both increased interannual variability and long-term growth declines.

Experimental manipulations and multi-decade observational datasets have been used to examine these asymmetries in growth responses to precipitation, particularly for grass and shrub species ([@R13]--[@R15]). However, experiments are often conducted over short time periods and on a limited range of species, and observational datasets tend to be limited in both spatial and temporal scope. Moreover, previous research has generally focused on annual precipitation, but in many cases, forest growth and productivity have distinct responses to sub-annual variation in water supply ([@R16]--[@R18]). In other words, when water is delivered may matter as much as the amount of water that is delivered. Here, we use more than 100 years of tree-ring widths from across the conterminous United States (fig. S1) in combination with historical, high-resolution precipitation estimates to examine asymmetries in the relationship between tree growth and precipitation. Further, we examine how these asymmetries vary as a function of (i) species, (ii) seasonality of precipitation, and (iii) regional aridity. Last, we examine the implications of asymmetric precipitation-growth relationships in the context of a more variable hydroclimate. Because precipitation variability has increased and will likely continue to increase, a more robust understanding of the impacts of increasing precipitation variability on tree growth is a key step toward accurate forecasts of climate change impacts on forest ecosystems.

RESULTS
=======

We assessed changes in interannual precipitation variability during the October to March "cool season" and April to September "warm season" using the coefficient of variation of precipitation (CVP; Materials and Methods) ([@R19]). The CVP varied spatially across the conterminous United States ([Fig. 1, A and B](#F1){ref-type="fig"}), with high variability (relative to mean precipitation) in the dry southwestern United States and lower variability in more mesic regions. In general, variability did not change substantially in regions with low CVP, such as most of the eastern and Pacific Northwest of the United States ([Fig. 1, C to F](#F1){ref-type="fig"}). In contrast, regions with high CVP became even more variable during the 20th century, particularly the U.S. Southwest ([Fig. 1, C to F](#F1){ref-type="fig"}). While the density of meteorological stations used to estimate gridded precipitation is relatively sparse during the earliest period (1901--1930), gridded and station precipitation datasets are in close agreement on observed changes in CVP ([Fig. 1, C to F](#F1){ref-type="fig"}, and fig. S2), and the strong increase in CVP in the Southwest is robust to choice of time period, with a nearly monotonic increase in CVP over the historical record (fig. S3). Precipitation projections from an ensemble of models included in CMIP5, statistically downscaled using bias correction and spatial disaggregation ([@R20], [@R21]), show further increases in CVP under the RCP8.5 scenario over the next century, with large projected increases in cool-season CVP over the U.S. Southwest ([Fig. 1G](#F1){ref-type="fig"} and fig. S4) and warm-season CVP in both Texas and southern California ([Fig. 1H](#F1){ref-type="fig"} and fig. S5). While there is some disagreement among the models on the magnitude (and in some regions, the direction) of the change in CVP (figs. S4 and S5), the majority of the models agree on a large increase in CVP in the southwestern United States. Theory also predicts that warming will drive increases in precipitation variability ([@R3]) and "hydroclimatic intensity" ([@R22]) due to the physical relationship between temperature and the water holding capacity of the atmosphere. Further, global climate models generally underestimate the effects of warming on extreme hydroclimatic events ([@R23]).

![CVP and its historical and projected changes.\
(**A** and **B**) Historical (1981--2010) CVP from PRISM for the cool and warm seasons, respectively. The bounding box in (A) indicates the Southwest region used for subsequent regional analyses. (**C** and **D**) PRISM-estimated historical change in CVP (∆CVP~historical~) from the early 20th century (1901--1930) to the late 20th/early 21st century (1981--2010) for the cool and warm seasons. (**E** and **F**) U.S. Historical Climatology Network (USHCN)--estimated CVP change. (**G** and **H**) Projected changes in cool- and warm-season CVP (∆CVP~projected~) from 1981--2010 to 2071--2100 based on the ensemble median from 32 CMIP5 models under RCP8.5. ∆CVP~projected~ from each individual model is shown in figs. S4 and S5. Details regarding the CMIP5 models are provided in Materials and Methods and the Supplementary Materials.](aaw0667-F1){#F1}

The implications of changing CVP for tree growth vary across the conterminous United States due to regional, seasonal, and species differences in the nature of the precipitation-growth relationship ([Figs. 2](#F2){ref-type="fig"} and [3](#F3){ref-type="fig"}). Tree growth at northern and high elevation sites (including *Tsuga*, *Abies*, and *Picea* species) showed little to no evidence of precipitation limitation (whether symmetric or asymmetric) in any season ([Figs. 2](#F2){ref-type="fig"} and [3](#F3){ref-type="fig"}), so any changes in CVP in these regions are unlikely to have major effects on growth, although it is possible that growth at some of these sites may respond to precipitation at shorter or longer time scales (e.g., monthly or annual) than examined in this research. However, in the semiarid regions of the western United States, growth typically responded positively, but asymmetrically, to cool-season precipitation ([Fig. 2A](#F2){ref-type="fig"}) such that increasing precipitation yields diminishing returns for growth (a "negative asymmetry"). This asymmetry was particularly pronounced for the three most common species in the U.S. tree-ring database: piñon pine (*Pinus edulis*), Douglas-fir (*Pseudotsuga menziesii*), and ponderosa pine (*Pinus ponderosa*) ([Fig. 2B](#F2){ref-type="fig"}). Dividing the precipitation into shorter seasonal composites (the traditional meteorological seasons) suggests that both prior autumn (September to November; [Fig. 3, A and B](#F3){ref-type="fig"}) and winter (December to February; [Fig. 3, C and D](#F3){ref-type="fig"}) precipitation contributed to the cool-season precipitation responses of these three species, although asymmetric relationships were more widespread for winter than autumn precipitation. Blue oak (*Quercus douglasii*) also responded asymmetrically to cool-season precipitation at more than 60% of sites ([Fig. 2B](#F2){ref-type="fig"}), but this was driven almost entirely by strong responses to winter precipitation ([Fig. 3, C and D](#F3){ref-type="fig"}), with very little contribution of prior autumn precipitation ([Fig. 3, A and B](#F3){ref-type="fig"}). Evidence of positive asymmetries (i.e., where increasing precipitation yields increasing growth returns) was limited to only a small number of sites across the United States, primarily consisting of western juniper (*Juniperus occidentalis*). Among central and eastern U.S. species, both post oak (*Quercus stellata*) and bald cypress (*Taxodium distichum*) showed evidence of cool-season precipitation limitation at more than 60% of sites. Bald cypress responses were mostly symmetric, but post oak responses were split nearly evenly between symmetric and negative asymmetric relationships ([Fig. 2B](#F2){ref-type="fig"}), with stronger (and more asymmetric) responses to winter precipitation than to prior autumn precipitation ([Fig. 3, A and D](#F3){ref-type="fig"}).

![Growth responses to six-month precipitation composites.\
Growth responses are shown for cool season precipitation (**A** and **B**) and warm season precipitation (**C** and **D**). Relationships between tree growth and precipitation were defined as follows: not precipitation limited (*P* \> *P*~FDR~ or linear slope less than zero), symmetric (*P* ≤ *P*~FDR~ and AIC~linear~ ≤ AIC~quadratic~), a positive asymmetry (*P* ≤ *P*~FDR~ and AIC~linear~ \> AIC~quadratic~ with concave-up quadratic model), and a negative asymmetry (*P* ≤ *P*~FDR~ and AIC~linear~ \> AIC~quadratic~ with concave-down quadratic model). Response functions were calculated from 1895 (the start of the PRISM precipitation estimates) through the ending year of tree-ring measurements, which varied by site but was never earlier than 1970. (B and D) Proportion of sites characterized as each response type for all species with at least 25 sites in the tree-ring database. Species include *Abies lasiocarpa* (ABLA, 32 sites), *J. occidentalis* (JUOC, 25 sites), *Picea engelmannii* (PCEN, 40 sites), *P. edulis* (PIED, 86 sites), *Pinus flexilis* (PIFL, 27 sites), *P. ponderosa* (PIPO, 215 sites), *P. menziesii* (PSME, 197 sites), *Q. alba* (QUAL, 62 sites), *Q. douglasii* (QUDG, 29 sites), *Q. macrocarpa* (QUMA, 37 sites), *Q. stellata* (QUST, 57 sites), *T. distichum* (TADI, 34 sites), *Tsuga canadaensis* (TSCA, 52 sites), and *Tsuga mertensiana* (TSME, 46 sites). (**E**) Conceptual diagrams of the four response types in (A) to (D).](aaw0667-F2){#F2}

![Growth responses to 3-month seasonal precipitation composites.\
Growth responses are shown for prior autumn (September to November) precipitation (**A** and **B**), winter (December to February) precipitation (**C** and **D**), spring (March to May) precipitation (**E** and **F**), and summer (June to August) precipitation (**G** and **H**). All methods, symbols, and species are identical to those shown in [Fig. 2](#F2){ref-type="fig"}.](aaw0667-F3){#F3}

Responses of tree growth to warm-season precipitation were predominantly symmetric ([Fig. 2, C and D](#F2){ref-type="fig"}), with the exception of bur oak (*Quercus macrocarpa*), which responded asymmetrically to warm-season precipitation at more than 60% of sites ([Fig. 2D](#F2){ref-type="fig"}). Other eastern oak species \[white oak (*Quercus alba*) and post oak\] were also limited by warm-season precipitation at roughly 80% or more of the sites, but these responses were predominantly symmetric. Dry-adapted western U.S. species---including western juniper, ponderosa pine, piñon pine, Douglas-fir, and blue oak---were positively correlated with warm-season precipitation at more than 60% of sites ([Fig. 2D](#F2){ref-type="fig"}), but these relationships were also predominantly symmetric. Of the overlapping 3-month meteorological seasons, spring (March to May) precipitation was a particularly important driver of growth nearly everywhere except in the northeastern United States, west of the Cascade Mountains, and surrounding the Great Lakes ([Fig. 3, E and F](#F3){ref-type="fig"}). Nearly all central and western oak sites (\>80% of post oak, blue oak, and bur oak sites) and most western conifer sites (\>70% of western juniper, ponderosa pine, piñon pine, and Douglas-fir sites) responded significantly, whether symmetrically or asymmetrically, to spring precipitation ([Fig. 3F](#F3){ref-type="fig"}). Spring precipitation was also the most important season for bald cypress growth, with more than 90% of sites responded significantly (but mostly symmetrically) to precipitation during this season ([Fig. 3F](#F3){ref-type="fig"}). By comparison, growth of most species did not show evidence of summer (June to August) precipitation limitation ([Fig. 3, G and H](#F3){ref-type="fig"}), although in some cases (such as in southern California) this was probably driven not by lack of water stress but by the absence of summer precipitation in this Mediterranean climate. Of those species with at least 25 sites in the U.S. International Tree-Ring Data Bank (ITRDB), only four (bur oak, white oak, post oak, and western juniper) responded significantly to summer precipitation at more than half of the sites ([Fig. 3H](#F3){ref-type="fig"}). Those responses were predominantly symmetric except for bur oak, which responded asymmetrically to summer precipitation at more than 40% of sites and could therefore be particularly vulnerable to summer drought and possible increases in summer precipitation variability.

Widespread asymmetric relationships between tree growth and precipitation, especially during the cool season in semiarid regions of the western United States, meant that extremely dry years were very likely to be years with extremely low growth ([Fig. 4](#F4){ref-type="fig"}; Materials and Methods). However, growth was far less likely to be extremely high following extremely wet cool seasons ([Fig. 4B](#F4){ref-type="fig"}): Only 91 sites---mostly in southern California, Arizona, and New Mexico---exhibited significant overlap between extremely wet cool-season conditions and extremely high growth. In other words, while tree growth was very likely to be much reduced during extremely dry years, tree growth was not necessarily proportionately increased during extremely wet years, which is consistent with a fundamental principle of dendrochronology concerning the use of narrow rings as marker years for cross-dating samples ([@R24], [@R25]). Mean cool-season precipitation and mean cool-season temperature were important predictors of tree growth sensitivity to extreme precipitation, with drier and warmer sites exhibiting much stronger negative responses to extreme dryness relative to wetter and cooler sites ([Fig. 5A](#F5){ref-type="fig"} and table S1). Even when accounting for differences in site climatologies, there were significant differences among species in their responsiveness to cool-season extremes (fig. S6, A and B, and table S1). These patterns generally did not hold as strongly for the April to September warm season, during which tree growth was less responsive to precipitation extremes ([Fig. 4, C and D](#F4){ref-type="fig"}) irrespective of site-level mean precipitation ([Fig. 5, C and D](#F5){ref-type="fig"}, and table S1), although warmer sites did tend to be more sensitive to extreme precipitation than cooler sites (table S1). However, the relative lack of response to warm-season extremes was likely due to relatively little summer precipitation limitation (fig. S7, G and H), whereas many sites, particularly those in the central and western United States, did respond significantly to spring precipitation extremes (fig. S7, E and F).

![Responses of forest growth to seasonal precipitation extremes.\
Proportion of years with extremely low or high precipitation (lower or upper 20th percentile, respectively) that are also extremely low or high growth years after using a Cohen's κ correction to account for chance co-occurrence. Responses to extreme precipitation were calculated from 1895 (the start of the PRISM precipitation estimates) through the ending year of tree-ring measurements, which varied by site but was never earlier than 1970. (**A** and **B**) Responses of growth to extremely dry and extremely wet cool seasons (prior October to March). (**C** and **D**) Responses of growth to extremely dry and extremely wet warm seasons (April to September). Sites outlined in dark gray indicate significant co-occurrence of extreme precipitation and extreme growth based on the binomial distribution, with the false discovery rate (FDR) controlled at the α~global~ = 0.05 level (Materials and Methods). The number of sites where *P* ≤ *P*~FDR~ is shown for each panel.](aaw0667-F4){#F4}

![Density plots showing the relationship between growth responses to extreme events and site-level mean precipitation from all sites (*N* = 1314).\
(**A** and **B**) Relationship between log-transformed cool-season mean precipitation and, respectively, the proportion of years with extremely low and high cool-season precipitation that are also years with extremely low and high growth, after correcting for chance agreement using Cohen's κ. (**C** and **D**) Relationship between log-transformed warm-season mean precipitation and, respectively, the proportion of years with extremely low and high warm-season precipitation that are also years with extremely low and high growth, after correcting for chance agreement using Cohen's κ. The linear relationship between log-transformed mean precipitation and growth responses to extremes is shown with blue lines (cool season) and red lines (warm season) for those with significant (*P* \< 0.05) relationships, along with Spearman's rank correlation coefficient (ρ).](aaw0667-F5){#F5}

Asymmetric relationships between growth and precipitation could result in long-term negative growth trends if coupled to an increase in precipitation variability. Historically, there is clear evidence that these conditions co-occurred in the U.S. Southwest, where both a large increase in CVP ([Fig. 1, C to F](#F1){ref-type="fig"}) and widespread negative asymmetries in growth responses to precipitation ([Figs. 2](#F2){ref-type="fig"} to [4](#F4){ref-type="fig"}) were observed. We therefore simulated the impact of the historical increase in precipitation variability, independent of a change in mean precipitation, on tree growth across this region. To examine potential impacts of the increased CVP on growth, we regressed a mean normalized growth index for the region (Materials and Methods) on mean regional cool-season precipitation, which explained about 61% of the regional growth variability, with a distinct negative asymmetry as observed in the site-level responses (fig. S8). To simulate long-term growth responses to the observed increase in CVP across the region, we generated two long (10,000-year) synthetic runs of precipitation drawn from (i) a gamma distribution fit to observed early 20th century precipitation (1901--1930) and (ii) a gamma distribution with the same mean as the early 20th century but with the elevated CVP observed during 1981--2010. We then simulated growth under these precipitation scenarios using the fitted regional precipitation-growth relationship plus white noise based on draws from the normal distribution defined from the residuals of the regional precipitation-growth relationship (fig. S8 and Materials and Methods).

While the two regional cool-season precipitation simulations had the same mean precipitation (roughly 190 mm year^−1^), the 1981--2010 simulation had a wider, flatter distribution with much higher probabilities of both extremely low and extremely high precipitation years ([Fig. 6, A and B](#F6){ref-type="fig"}). The probability of cool-season precipitation of 100 mm or less in any given year more than tripled under the high variability scenario, from less than 3% during the 1901--1930 period to nearly 10% during the 1981--2010 simulation ([Fig. 6A](#F6){ref-type="fig"}). The increased likelihood and frequency of extreme precipitation in the high CVP simulation, combined with the strong negative asymmetry in regional precipitation-growth relationships, resulted in roughly a twofold increase in the probability of mean regional growth anomalies at least 1 SD below historical norms, and this increase in the probability of low growth was not offset by an increased likelihood of high growth, which remained virtually unchanged between the two simulations ([Fig. 6C](#F6){ref-type="fig"}). While a linear precipitation-growth relationship would result in higher variability but no change in mean growth (fig. S9), the widespread negative asymmetries in the U.S. Southwest resulted in lower mean growth under the high CVP scenario (1981--2010) relative to the early 20th century simulation ([Fig. 6D](#F6){ref-type="fig"}). In addition, the likelihood of multiyear runs of extremely low growth was much higher under the high CVP scenario (fig. S10), which, given the disproportionate impact of extended extreme events on both carbon uptake ([@R26]) and forest mortality ([@R10]), suggests severe consequences for forests in a more variable future.

![Simulated implications of changing precipitation variability for tree growth in the southwestern United States (bounding box in Fig. 1A).\
(**A**) Cumulative and probability density functions (lines and bars, respectively) of the gamma distribution fit to regional cool-season precipitation. The 1901--1930 precipitation distribution was fit based on historical mean regional precipitation from PRISM, whereas 1981--2010 precipitation distribution was simulated with the same mean as 1901--1930 but with the observed increase in variability (∆CVP~historical~). (**B**) Violin and box plots of 10,000 cool-season precipitation realizations derived from the gamma distributions in (A), which were used to simulate growth anomalies based on the observed sensitivity of regional growth to precipitation. The empirical cumulative density functions from these growth simulations are shown in (**C**), with accompanying violin and box plots in (**D**).](aaw0667-F6){#F6}

DISCUSSION
==========

Our study sheds new light on the distinct regional and seasonal trajectories that changing precipitation variability could have on U.S. forests. First, while many sites, particularly those in northern or high elevation regions, showed either little evidence of precipitation limitation or symmetric responses to precipitation (though they may respond differently at time scales other than those examined here), we find that asymmetric relationships to precipitation dominated the semiarid forests of the western United States, a region that has experienced a large historical increase in precipitation variability. These dryland forests are therefore likely to be most susceptible to any further increases in precipitation variability as the climate continues to warm. Some eastern oak species (post oak and bur oak in particular) also exhibit widespread asymmetric responses to precipitation that may portend future vulnerability to increases in precipitation variability. Second, we find that, with few exceptions, increases in cool-season precipitation variability (particularly during December to February) and spring precipitation variability are more likely to result in negative growth trends than increases in summer precipitation variability. While tree growth in much of the United States responded positively to changes in warm-season/summer precipitation, the vast majority of sites and species responded linearly (or symmetrically) to precipitation in these seasons, suggesting that increases in precipitation variability during these seasons would increase the variability of growth, but not the overall mean growth. The major exceptions are the bur oak sites of the central United States, which responded asymmetrically to warm-season precipitation at \>60% of sites and to summer precipitation at \>40% of sites.

Previous studies have documented long-term declines in forest growth and increases in forest mortality largely attributable to higher VPD and warmer temperatures, particularly in the southwestern United States ([@R9], [@R27]). Our findings suggest an additional climatic driver of declining tree growth that could further reinforce stresses resulting from a change in mean precipitation or VPD. An increase in precipitation variability alone, particularly during winter and spring months, can reduce growth of many U.S. tree species, especially those in the semiarid United States, due to asymmetric growth responses to precipitation, resulting in both higher growth variability and lower mean growth. The ecological consequences of this asymmetry between precipitation variability and tree growth in a warmer and more variable climate could be quite severe, as decreases in radial growth are linked to higher mortality risk ([@R28]). The combined risks of higher precipitation variability and higher VPD, which is an increasingly important driver of growth in a warming climate ([@R8]), could portend large increases in future moisture stress for many regions and tree species.

Why might tree growth, as expressed in tree-ring width, respond asymmetrically to precipitation? We suggest three possible hydrological and physiological mechanisms ([@R25], [@R29]). First, when precipitation is high, soil moisture levels may approach saturation and a larger fraction of the precipitation may end up as runoff, which would be unavailable to plants, resulting in little change in growth. Second, when precipitation is plentiful, plants may be limited by other factors (e.g., growing season length, nutrient availability, or incident photosynthetically active radiation), resulting in diminishing returns for any increase in precipitation above a threshold. Last, if moisture is plentiful, then plants may alter the allocation of photosynthate to organs other than the stem or store the excess photosynthate as nonstructural carbohydrates, which could potentially allow the positive effects of high precipitation to carry over into subsequent years. If the widespread asymmetries between precipitation and growth observed in this study are attributable to changes in carbon allocation, then growth may be relatively more resilient to increased precipitation variability than suggested solely by examining tree-ring widths.

Until relatively recently ([@R14], [@R19]), the ecological impacts of changing precipitation variability, and thus the frequency and distribution of extreme events, have received less attention than other aspects of global change. However, it is these extreme events that have a disproportionate impact on forest mortality ([@R10], [@R30]) and the global carbon cycle ([@R26]), particularly in semiarid regions that are highly sensitive to variation in moisture availability and that are emerging as important drivers of the interannual variability of global terrestrial CO~2~ uptake ([@R31], [@R32]). The combination of higher precipitation variability with higher temperatures, higher VPD, and reduced snowpack could create novel climates that many species have not experienced during the comparatively stable Holocene. Unless plants are able to acclimate to these changes, or unless the negative impacts of higher VPD and CVP can be offset by positive impacts of longer growing seasons and/or CO~2~ fertilization \[for which there is limited evidence in field-based studies of tree growth ([@R33])\], many forests may experience continued degradation and thus reduced carbon uptake capacity with important implications for climate change policy and mitigation strategies.

We note, however, that the tree-ring database used here likely includes a disproportionate number of sites under relatively high stress, which can accentuate and overestimate the observed growth response to climate variability ([@R34]). Our findings thus likely represent an upper threshold on asymmetric responses of tree growth to precipitation variability. In addition, the tree-ring database does not adequately represent the structure of eastern U.S. forests ([@R35]), and the growth responses to climate variability in this region tend to be highly complex ([@R36]). Our findings therefore pertain most strongly to dryland conifer forests of the western United States, while greater uncertainty likely exists in the more mesic and diverse forests of the eastern United States. We also caution that our findings pertain only to the time scales (3- to 6-month seasons) that were explicitly examined in this research. Although not common, growth responses to precipitation can be dominated by a single month ([@R37]), so the seasonal aggregations used here could mute some subseasonal responses of tree growth to precipitation. Additional research efforts are therefore needed to better understand how sensitivity to precipitation variability varies along stress gradients and across temporal scales while better capturing responses of structurally and taxonomically diverse eastern U.S. forests. Future research is also needed to examine the temporal stability of these relationships and possible interactions between decadal-scale climate fluctuations (e.g., the El Niño--Southern Oscillation or the Pacific Decadal Oscillation) and secular trends in precipitation variability that could result in protracted periods of unfavorable growth conditions.

MATERIALS AND METHODS
=====================

Historical and projected precipitation
--------------------------------------

We obtained monthly, 4-km gridded precipitation estimates for the period 1895--2016 from the PRISM Climate Group ([@R38]), from which we calculated 6-month seasonal precipitation totals for the cool season (October of the prior year through March) and the warm season (April through September). To quantify the variability of precipitation within each season, we calculated the CVP during two 30-year periods: the early 20th century (1901--1930) and the late 20th/early 21st century (1981--2010). CVP, expressed as a percent, was defined as $\text{CVP} = 100 \times \frac{s}{\overline{x}}$, where $\overline{x}$ and *s* are the sample mean and SD (standard deviation), respectively, during each 30-year period. Historical change in CVP (∆CVP~historical~) was estimated as the difference between 1981--2010 CVP and 1901--1930 CVP:$$\Delta\text{CVP}_{\text{historical}} = \text{CVP}_{1981 - 2010} - \text{CVP}_{1901 - 1930}$$

Because the number of stations used to develop the gridded PRISM precipitation product was not constant through time, changes in station density could contribute to systematic bias and spurious long-term trends ([@R38], [@R39]). We therefore obtained monthly precipitation estimates from stations included in the USHCN ([@R40]) as further confirmation of the CVP change and to assess whether the PRISM-estimated changes in CVP were an artifact of the interpolation process. The USHCN- and PRISM-estimated changes in CVP showed similar spatial patterns and magnitudes ([Fig. 1, C to F](#F1){ref-type="fig"}) and were strongly correlated with each other (fig. S2; Pearson's correlation coefficients: *R* = 0.69 for cool-season ΔCVP and *R* = 0.74 for warm-season ΔCVP), although the PRISM-estimated ΔCVP was slightly higher than the USHCN-estimated ΔCVP at the same locations (mean biases of +2.71% and +2.80% for the cool and warm seasons, respectively).

To assess projected change in CVP, we obtained monthly downscaled historical (1950--2005) and projected (2006--2100) simulations of precipitation under the RCP8.5 scenario from 32 models included in CMIP5 ([@R41]), using only a single ensemble member (r1i1p1) per model to avoid overrepresentation of models with larger ensembles ([@R42]). All model output was downscaled to 1/8° horizontal resolution using bias correction and spatial disaggregation ([@R20], [@R21]). The models used in this analysis are listed in table S2. We then calculated CVP and ∆CVP~projected~, as described above, but for one historical period (1981--2010) and one future period (2071--2100) from the CMIP5 projections.

Tree-ring data and processing
-----------------------------

We obtained tree-ring width measurements from the ITRDB for all sites in the conterminous United States that fully covered the period 1895--1970 (a total of 1314 sites; fig. S1). All sites were used in our analysis, but we limit our discussion to the most common of the 78 species in this dataset (those with at least 25 sites) to avoid overinterpreting results for species with few replicates. While the site-level sampling designs often used in dendrochronology preclude any analyses of long-term trends in growth ([@R43]), the relationship between annual growth and climate variability is robust to these sample design choices ([@R43]), making the ITRDB a suitable choice for our analyses, especially given its long-term data record and high spatial density in the United States. Ring widths were detrended using a stiff smoothing spline two-thirds the length of each ring-width series ([@R44]) in the dplR package ([@R45]) of the R statistical computing environment. Detrended ring width indices were then averaged to a site-level chronology using Tukey's biweight robust mean and pre-whitened to remove serial autocorrelation (i.e., "residual" chronologies). Seasonal precipitation was extracted from the nearest grid cell of the PRISM climate data for model fitting and analysis.

Statistical analysis
--------------------

We fit linear and quadratic ordinary least squares regression models between seasonal precipitation (predictor variable) and the detrended growth index (response variable). Response functions were calculated from 1895 (the start of the PRISM precipitation estimates) through the ending year of tree-ring measurements, which varied by site but was never earlier than 1970. Any sites where the slope of the linear model was negative or not significantly different from zero, when controlling the false discovery rate at α~global~ = 0.05 ([@R46]), were deemed to be not influenced by precipitation during that season. For the remaining sites, we selected the best model using the Akaike information criterion (AIC) ([@R47]), which penalizes the quadratic models for the additional parameter. Sites where AIC~linear~ ≤ AIC~quadratic~ (i.e., where the linear model outperformed the quadratic model) responded "symmetrically" to precipitation ([@R12]). Sites where AIC~quadratic~ \< AIC~linear~ (i.e., where the quadratic model outperformed the linear model) responded "asymmetrically" to precipitation. These were further subdivided into "negative asymmetric" relationships (concave-down curves in which increasing precipitation has diminishing returns for growth) and "positive asymmetric" relationships (concave-up curves in which increasing precipitation has increasing returns for growth) ([Fig. 2E](#F2){ref-type="fig"}). Because the 6-month cool/warm-season distinction may partly mask subseasonal growth responses of some species and regions, we also conducted the same analyses using seasonal precipitation totals in the traditional 3-month meteorological seasons starting with autumn (September to November) before the year of growth through summer (June to August) during the year of growth.

For each site, we divided the historical seasonal precipitation into low and high extremes, defined as the lower and upper 20th percentiles, for both the cool/warm seasons and the 3-month meteorological seasons. We then calculated the proportion of extreme precipitation years that were also extreme growth years of the same sign (based on the lower and upper 20th percentiles of the ring-width indices), similar to the extreme value capture (EVC) index ([@R48]). We corrected this index for chance agreement using Cohen's κ statistic ([@R49])$$\kappa = \frac{\text{EVC} - p_{0}}{1 - p_{0}}$$where EVC is the proportion of extreme precipitation years that are also extreme growth years of the same sign and *p*~0~ is the expected co-occurrence due to chance (i.e., 0.2). We tested the significance of co-occurrence between extreme precipitation and extreme growth using the binomial distribution ([@R48]) while again controlling the false discovery rate at the α~global~ = 0.05 level ([@R46]). We then used linear mixed effects models, with fixed effects for seasonal mean precipitation and temperature of each site and random intercepts by species, to examine the influences of geography versus species on site-level EVC in the cool and warm seasons.

On the basis of the above analyses, we simulated potential impacts of the historical increase in cool-season CVP on growth in the U.S. Southwest (defined as 32°N-37°N, 122°W-108°W; [Fig. 1A](#F1){ref-type="fig"}), a region characterized by high interannual precipitation variability, a large historical increase in CVP, and a distinct negative asymmetry in precipitation-growth relationships. We calculated mean annual cool-season precipitation within this region from PRISM data, as well as annual standardized growth anomalies at each site, which were averaged together to form a regional growth index. We then fit a regional precipitation-growth relationship for the Southwest following the same methods described above for the site-level relationships, and examined the fit of the model as well as the distribution, serial autocorrelation, and heteroskedasticity of the residuals (fig. S6). A Lilliefors test of normality failed to reject (*P* \> 0.05) the null hypothesis that the residuals were drawn from a normally distributed population (fig. S5B), and the residuals exhibited low (*P* \> 0.05) serial autocorrelation at nearly all time lags (fig. S5C) and were not strongly heteroskedastic (fig. S5D).

To simulate the potential impacts of higher precipitation variability on growth, we generated two synthetic 10,000-year runs of cool-season precipitation variability under two scenarios: (i) based on random draws from a gamma distribution fit to early 20th century (1901--1930) observed precipitation and (ii) based on random draws from a gamma distribution with the 1901--1930 mean precipitation but with the PRISM-estimated 1981--2010 CVP ([Fig. 5, A and B](#F5){ref-type="fig"}). This allowed us to simulate the potential impacts of an increase of precipitation variability alone, independent of any change in mean precipitation. We simulated growth under these scenarios by applying the fitted Southwest regional precipitation-growth relationship to the simulated precipitation time series, with noise simulated with random draws from a normal distribution with a mean of zero and variance defined by the residuals of the regional precipitation-growth model (fig. S5B). We then examined the empirical cumulative distribution functions of simulated growth under each scenario to estimate changes in long-term regional mean growth and changes in the probability of extreme low and high growth as a result of an increase in precipitation variability alone.
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Fig. S1. ITRDB sites used in these analyses (*N* = 1314).

Fig. S2. Comparison of historical CVP change between PRISM (ΔCVP~PRISM~) and the UHCN (ΔCVP~USHCN~).

Fig. S3. Historical changes in PRISM-derived CVP of the Southwest.

Fig. S4. Projected changes in cool-season CVP (1981--2010 versus 2071--2100) from each downscaled CMIP5 model.

Fig. S5. Projected changes in warm-season CVP (1981--2010 versus 2071--2100) from each downscaled CMIP5 model.

Fig. S6. Effect of species on the sensitivity of growth to precipitation extremes based on linear mixed effects models with random intercepts.

Fig. S7. Same as [Fig. 4](#F4){ref-type="fig"}, but for the 3-month meteorological seasons.

Fig. S8. Model and diagnostics for the relationship between cool-season precipitation and growth in the Southwest.

Fig. S9. Same as [Fig. 6](#F6){ref-type="fig"}, but with a linear, rather than asymmetric, growth relationship to precipitation.

Fig. S10. Number of multiyear runs (in the 10,000-year simulations) with simulated mean regional growth anomalies at least 1 SD below the historical mean.

Table S1. Coefficients (with SE and *P* values) from linear mixed effects models of site-level low and high seasonal extreme responses (κ).

Table S2. Downscaled CMIP5 models.
